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Abstract 
Many studies investigating post-acceptance of electronic medical records (EMR) 
assume that healthcare professionals exclusively base their continuance behavior on 
reasoned actions. While rational considerations certainly affect the intention to use an 
EMR, it does not fully explain the definitive user continuance behavior. Evidence exists 
that also subliminal effects such as habits and emotions play an important role. 
Consequently, we propose to investigate post-acceptance of EMR applying three 
different, but complementary views: (i) continuance behavior as result of reasoned 
actions, (ii) continuance behavior as result of emotional responses, and (iii) continuance 
behavior as result of habitual responses. The results from a longitudinal field study 
showed that automatic behavior, enabled by sufficient facilitating conditions and a 
good task-technology-fit, as well as positive emotions considerably affected healthcare 
professionals EMR continuance behavior. It also showed that a user’s computer literacy 
level didn’t play a significant role regarding the post-acceptance behavior. 
Keywords: Electronic medical records, health informatics/health information 
systems/medical IS, adoption, IS continuance, longitudinal research 
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Introduction 
In many countries the healthcare sector is facing considerable challenges as related to costs, efficiency, 
safety, and patient-centricity. The adoption of information technology (IT) and domain-specific 
information systems (IS) is, amongst other things, seen as potential leverage in responding to problems 
concerning the availability and quality of medical information, simplification and security of medical 
routines, or overcoming distance and budget restrictions (World Health Organization 2005).  
In parallel to the diffusion of new technological advancements, an increasing body of research on 
healthcare-focused IS/IT adoption and use has been conducted in the recent years (Spil et al. 2011). 
Special attention has been given to studies that examine the cognitive beliefs and affects that motivate 
healthcare professionals (especially physicians) to accept a newly implemented IS, such as electronic 
medical records (EMR) or electronic health records (EHR) (e.g. Ash and Bates 2005; Hennington and 
Janz 2007; Morton and Wiedenbeck 2009; Sherer 2010).  
However, evidence exists that despite strong encouragement and interest from governmental authorities 
and firms, many hospitals and physicians are lagging behind in the adoption of electronic documentation 
(Jha et al. 2009; Venkatesh et al. 2011). Reasons for that are not yet well understood (Goh et al. 2011). Up 
to now, great part of the research literature is focusing on measuring and predicting “acceptance” or “first-
time use” of EMR (e.g. Handy et al. 2001; Kazley and Ozcan 2007; Schectman et al. 2005). While these 
articles provide a foundation for better understanding “IS success” in healthcare (i.e. according to DeLone 
and McLean (1992) an organizational impact induced by individual systems use and user satisfaction), 
they do not shed much light with respect to long-term viability and continued usage (Bhattacherjee 2001).  
In this paper, we therefore aim at investigating EMR “post-acceptance” or “continued use” effects. A core 
challenge in accomplishing this is the fact that in healthcare different educational backgrounds (medical 
vs. non-medical) and conflicting missions (cure vs. care) always had a strong impact on how processes 
and systems were incorporated into the day-to-day work environment (Ramanujam and Rousseau 2006). 
Continued use of EMR might therefore be considerably influenced by the characteristics of extant or 
habitual work patterns (Goh et al. 2011), social norms and imposed “world views” (Glouberman and 
Mintzberg 2001) as well as emotional affects towards IS/IT in general (Shaw and Manwani 2011).  
Drawing on an extensive review of the relevant literature, we thus define the following overarching 
research questions: (i) what are the key factors influencing post-acceptance of EMR, and (ii) how do 
unconscious or habitual responses affect the users’ continuance behavior? In order to answer these 
questions, we conducted a longitudinal field study of an EMR implementation in a large hospital, 
including both, a quantitative survey as well as further in-depth qualitative interviews for clarifying 
outliners in measured user behavior. Based on our findings, we propose an adaptation to the post-
acceptance model of IS continuance (Bhattacherjee 2001) by also including emotional and habitual affects 
that help to better explicate healthcare-specific differences in the adoption behavior of IS/IT users.  
Theoretical Background 
Expectation confirmation theory (ECT), also referred to as expectation disconfirmation theory (EDT), has 
been adopted in many different fields for studying cognitive beliefs and affects influencing the 
continuance intention, for instance with respect to repurchasing (Atchariyachanvanich et al. 2006) or 
usage (Limayem and Cheung 2008) of a particular product or service. Having its roots in consumer 
behavior research (Cronin and Taylor 1994; Oliver 1980), satisfaction is a key determinant of continuance 
and can be described as function of prior expectations and post adoption performance perception and 
confirmation/disconfirmation (Susarla et al. 2003). 
While disconfirmation arises from a negative disparity between expectations formed during the pre-
consumption phase and post-consumption performance experiences, confirmation is the result of a 
considerable “overfulfillment” of these initial expectations (Kopalle and Lehmann 2001). In this sense, 
lower expectation and/or higher perceived performance may lead to a greater confirmation. It assumed 
that high rates of confirmation positively affects satisfaction, which in turn influences the intention to 
continue using and/or purchasing a particular product or service (Hayashi et al. 2004). Because 
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expectation provides the baseline or reference level with which customers evaluate products and services, 
also a direct link between expectation and satisfaction is postulated (cf. left side of Figure 1). 
One of the first studies adopting ECT to the field of Information Systems was conducted by Bhattacherjee 
(2001). Main reasons for conceptualizing a new model for studying IS adoption was seen in the deficiency 
of existing research models – such as the Technology Acceptance Model (TAM) by Davis (1989) – to 
measure long-term IS use or “routinization” (Cooper and Zmud 1990). As opposed to measuring first-time 
use, where typically users accept or reject a system (Shaw and Manwani 2011), the proposed “post-
acceptance model of IS continuance” stipulates the fact that users who are negatively disconfirmed and 
dissatisfied with prior IS/IT usage may still continue using the system if they consider it to be useful in 
their work (Bhattacherjee et al. 2008). The mentioned research model has several variations as to the 
original ECT model (cf. right side of Figure 1): First, instead of measuring perceived performance, the IS-
related model assesses perceived usefulness since evidence exists that performance is only one of several 
factors for specifying the value of IS/IT (Mirani and Lederer 1998). Second, because the model focuses on 
post-acceptance, expectation is rather understood as being an inherent part of perceived usefulness and is 
therefore not operationalized by a separate construct. Third, perceived usefulness is seen has having a 
direct influence on satisfaction and IS continuance intention (Bhattacherjee 2001). In order to better 
measure temporal patterns or cognition changes in IS/IT usage, (2004) extended the initial post-
acceptance model of IS continuance to a two-stage model by linking perceived usefulness and initial 
attitude towards using IS/IT in the pre-usage stage and presupposing satisfaction and disconfirmation as 
emergent constructs influencing post-usage usefulness and modified attitude. 
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Repurchase 
intention 
Expectation 
 
Original expectation-confirmation theory model 
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usefulness 
Confirmation 
Satisfaction IS continuance 
 
Initial post-acceptance model of IS continuance 
Figure 1.  Research models on post-acceptance 
 
Different Perspectives on Continuance Behavior 
The initial post-acceptance model of IS continuance has been argued by several authors of not being able 
to fully explain routinization of IS/IT (e.g. Liao et al. 2006; Limayem and Cheung 2008; Lin et al. 2005). 
A major criticism was expressed by Ortiz de Guinea and Markus (2009) who found a major limitation in 
its underlying premise of exclusively viewing continuance behavior as intentional or reasoned, thus 
ignoring habitual or emotional responses. In light of this critique, we propose to investigate the continued 
use/post-acceptance of EMR applying three different, but complementary views: (i) continuance behavior 
as result of reasoned actions, (ii) continuance behavior as result of emotional responses, and (iii) 
continuance behavior as result of habitual responses.  
Continuance behavior as result of reasoned actions 
Building upon theories from social psychology, such as the theory of reasoned action (TRA) or the theory 
of planned behavior (TPB), a great part of post-acceptance studies assume that users behave rationally 
and are conscious of all their actions. A key assumption is that continuance intention is the result from a 
reasoned appraisal of the differences in the pre-adoption beliefs regarding the expected benefits and the 
effective post-adoption experiences (cf. previous section; also see Figure 2).  
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Figure 2.  Continuance behavior as result of reasoned actions 
 
According to Mirani and Lederer (1998), benefits can be strategic (e.g. quicker response to change), 
informational (e.g. more concise information), or transactional (e.g. reduced communication costs). 
Following Fitterer et al. (2011), archetypal “performance expectation” categories for health information 
systems are, amongst others, medical outcome (e.g. patient safety, adequacy of treatment), information 
quality (e.g. consistency, completeness), efficiency (e.g. personal productivity), and governance (e.g. 
privacy, security, conformity).  
Before adopting the EMR (t0) these expectations tend to be vague, because they generally are based on 
second-hand information (e.g. vendor claims or word-of-mouth reports). After adopting the EMR and 
extensively using it for a while (t1), the pre-adoption expectations are superseded by persistent hands-on 
experiences. In a reasoned process the users weigh the fulfillment of their expectations (t2). Lower 
expectations and/or higher benefits lead to greater confirmation (H1). The greater the confirmation, the 
more satisfied users are (H2). Since users supposed to be rational, a satisfied EMR user might intend to 
continue its usage (H3). It also assumed that positive behavioral intentions ultimately lead to a higher 
continuance behavior (H4). Note that we do not suppose a direct relationship between expectations and 
satisfaction, since we believe that satisfaction is constantly mediated and determined by the 
confirmation/disconfirmation construct. Thus, we hypothesize as follows. 
Hypothesis 1 (H1): Pre-usage expectations will positively influence confirmation; respectively 
negatively influence disconfirmation.   
Hypothesis 2 (H2): Post-usage confirmation will positively influence satisfaction; respectively post-
usage disconfirmation will negatively influence satisfaction. 
Hypothesis 3 (H3): Post-usage satisfaction will positively influence EMR continuance intention. 
Hypothesis 4 (H4): EMR continuance intention will positively influence EMR continuance behavior. 
In this sense, we strongly relate to the original ECT model for conceptualizing EMR continuance behavior 
as result of reasoned actions (cf. Figure 2). Major differences to Bhattarjee’s post-acceptance model of IS 
continuance (2001) is that we do not assume expectations to be inherent parts of perceived usefulness. 
Rather we presume that expected benefits are major drivers for a medical professional to be satisfied or 
dissatisfied after using the EMR. In addition, we also believe that it is important to explain routinization 
of IS/IT only based on intentions, but also on the actual continuance behavior.  
Continuance behavior as result of emotional responses 
Unlike the “traditional” notion, which presumes that individual behavior builds on reasoned actions 
resulting from conscious intentions regarding that behavior, evidence exists that continuance behavior is 
also affected by a user’s emotional responses (cf. Figure 3). According to Ortiz de Guinea and Markus 
(2009) “emotions may drive continuing IT use directly, rather than through behavioral intentions”  
(p. 438). In contrary to the reasoned rationale, however, a user is not necessarily conscious about its 
emotions and effects on the continuance behavior.  
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Figure 3.  Continuance behavior as result of emotional responses 
 
Following Astleitner and Leutner (2000) five distinct emotional responses to IT use can be distinguished: 
anger (e.g. a negative feeling from being hindered to reach a desired goal), fear (e.g. a negative feeling 
arising from judging a situation as threatening), envy (e.g. a negative feeling resulting from the desire to 
get something that is possessed by others), sympathy (e.g. a positive feeling referring to an experience of 
feelings and orientations of other people who are in the need of help), and pleasure (e.g. a positive feeling 
based on mastering a situation). Recent empirical research showed that sentiments, such as fun (Lin et al. 
2005) or joy (Van der Heijden 2004), considerably influenced the satisfaction of users (t2). It thus can be 
expected that an increase of positive and a decrease of negative feelings will lead to a higher level of 
satisfaction (H5). More recently, Bhattacherjee and Barfarm (2011) also found indications for a direct 
relation between satisfaction and continuance behavior. Building on this, in the long run (t3) it is assumed 
that a constant high satisfaction level will positively affect EMR continuance behavior (H6). Accordingly, 
we hypothesize as follows. 
Hypothesis 5 (H5): Positive post-usage emotions will positively influence satisfaction; respectively 
negative post-usage emotions will negatively influence satisfaction.   
Hypothesis 6 (H6): Post-usage satisfaction will positively influence continuance behavior. 
Continuance behavior as result of habitual responses 
Some evidence exists that continuance behavior is also triggered automatically (cf. Figure 4), without 
preceding a conscious perceptual or judgmental process (Limayem and Cheung 2008). This automatic 
behavior, also referred to as habit, typically is developed by “learned sequences of acts that have become 
automatic responses to specific cues, and are functional on obtaining certain goals or end-states” 
(Verplanken and Aarts 1999, p. 104). However, Ortiz de Guinea and Markus (2009) criticized that in the 
current post-acceptance literature surprisingly little attention is given to what these specific cues might 
be. Since IT use is mostly instrumental, they argue that the task a user intends to perform might be one 
important environmental cue. Another trigger for automatic behavior is, according to them, IS/IT itself. 
Besides these environmental cues, computer literacy of users tend to be another eminent trigger for 
behavior, since a user’s understanding of the properties and functionality of a EMR strongly influences its 
use (Shaw and Manwani 2011). 
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Figure 4.  Continuance behavior as result of habitual responses 
 
Prior research on the adoption of IS/IT in healthcare has shown that medical professionals generally have 
a strong resistance to new systems. Especially since medical routines can be composed of many 
interlocking individual habits, often a major source of inertia is introduced (Polites and Karahanna 2012). 
Especially through the repeated use of the previous system, often “cognitive switching costs” are 
developed that “lock-in” individuals to preferring the actual system over alternatives in the future (Murray 
and Häubl 2007). Accordingly, having a given set of personal skills f0r and attitude towards interacting 
with a new EMR (t0), it is assumed that users with low levels of computer literacy are more likely to invest 
cognitive resources toward performing a task. In other words, low computer literacy on the side of the 
EMR user will lead to more automatic behavior (H7). Contrariwise, medical professionals with high levels 
of computer literacy with the previous system, thus experiencing a “lock-in” effect, will more likely to 
slower generate automatic behavior with the new system.  
Another influencing factor on the development of automatic behavior is the accuracy of the EMR to 
support the achievement of a desired outcome. It is assumed that the higher the task fit is, the more likely 
it is that EMR users do not need to rethink their actions (“it worked 100 times, why shouldn’t it work the 
next time”) and thus may develop a habitual response (H8). We think that this assumption holds true for 
all kinds of systems. However, with the implementation of new IS/IT in healthcare typically also work 
routines are changed. Since a lower task fit causes medical professionals to constantly rethink their 
actions, and time in this context is of utmost importance, we believe that this might be another major 
source for resistance; regardless of the previous matter of “cognitive switching costs”.  
Considering these narrow time constraints in a medical professional’s daily work, we think that 
facilitating conditions (e.g. hardware, IT-support) also exert an influence whether habits are developed or 
not. Although it is often related directly to usage behavior (Venkatesh et al. 2003), we think that there is 
also a direct relation between facilitating conditions and automatic behavior (H9). For instance, when the 
hardware is poor, certain EMR users might not fully explore all the features of the new system because of 
long loading times or the fear of a complete system freeze. Hence, it expected that superior facilitating 
conditions would more likely yield to automatic behavior. Finally, in line with Limayem and Cheung 
(2008) and Ortiz de Guinea and Markus (2009), there are indications for a direct significant relation 
between automatic behavior and continuance behavior. Accordingly, it is assumed that when it’s easy for 
the EMR user to develop many habitual responses, it is more likely that a positive continuance behavior is 
produced (H10). We hypothesize as follows.  
Hypothesis 7 (H7): Pre-usage computer literacy will negatively influence the development of 
automatic behavior.  
Hypothesis 8 (H8): Task-fit while using the EMR will positively influence the development of 
automatic behavior.  
Hypothesis 9 (H9): Facilitating conditions while using the EMR will positively influence the 
development of automatic behavior. 
Hypothesis 10 (H10): Automatic behavior will positively influence EMR continuance behavior. 
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The overall proposed three-stage research model is illustrated in Figure 5.  
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Figure 5.  Overall proposed research model 
 
Study Context 
The market for EMR is large, consisting of a variety of solutions differing in functionality, connectivity, 
security, and ease of use (EHR Scope 2012; Health Technology Review 2012). While in the past larger 
hospitals tended to develop their own EMR, nowadays cost-cutting measures and continuously increasing 
complexity urge many of these hospitals to implement standardized software, since the IT-department is 
no longer able or capable to further develop the initial solution. This was also the case in the hospital we 
analyzed for testing the previously defined hypotheses.  
Located in a major metropolitan area and consisting of more than 5,500 internal staff (mostly employees 
working in nursing and administration) and 1,400 external specialized physicians, the hospital responds 
to more 73,000 medical treatments a year. Great part of the information exchange between internal staff 
and the external physicians was accomplished via paper shuffling prior to the implementation of the new 
EMR. Given that the hospital only has a minimal on-site crew of medical specialists, the clinical 
documentation process has always played a pivotal role; yet was also the major pain point: An EMR 
existed that contained some “bits and pieces” of a clinical documentation, but no real summary of a 
patient’s history. The information quality was low, as non-qualified employees often were in charge of 
feeding the systems. Clinical and non-clinical information (e.g. customer address, bills etc.) was hosted on 
different systems and thus somehow “disconnected” from each other.  
With the new EMR, six new modules including an electronic patient history (e.g. patient demographics, 
allergies), clinical documentation (e.g. flow sheets, clinical notes), coding and billing information, 
diagnostic results from laboratory, radiology or pharmacy, a description of the measures taken (e.g. 
activity recording, schedule), and a computerized physician order entry (CPOE) were delivered by the IT-
department.  
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The implementation of the EMR resulted in several radical changes in the work routines and 
responsibilities of physicians and nurses: First, all information (clinical and non-clinical) has to be 
documented at the “point of action”; for instance, nurses are now requested to document her/his actions 
directly at the patient’s bed instead of posteriorly at the ward’s office. Second, all information has to be 
documented by the person who is in charge of the specific action; for example, the prescription of a drug 
has to be documented by the treating doctor, not by her/his medical assistant or secretary. Third, all 
information has to be documented; there are no more privileges for certain specialists or occupation 
groups. This obviously provoked a dislocation of previously “established” usage behavior, but also helped 
to emerge new work routines and collaboration patterns. Since the use of the EMR is compulsory, a 
classical acceptance study (e.g. non-electronic vs. electronic) would not have provided much new insights. 
Instead, we concluded that the study context offered a unique opportunity to better understand 
routinization of technology (i.e. the long-term effects of confirmation/disconfirmation with a system).  
Method 
There has been severe criticism that the great part of IS continuance studies applied cross-sectional 
designs out of convenience, instead of using more complicated and arduous longitudinal designs for truly 
exploring deviations in the continuance behavior (Bhattacherjee and Barfarm 2011). In order to obtain a 
better understanding of and insight into the phenomenon of interest, as well as to be able to really detect 
or explain behavioral deviations, a longitudinal design for the study was chosen. In the following sub-
sections, the data collection strategy, sample characteristics, and analysis approach is described in more 
detail. 
Data Collection and Analysis 
Our data collection strategy involved a quantitative survey 6 months before and after the implementation 
of the new EMR, as well as parallel semi-structured interviews (cf. Figure 6). The time interval of 6 
months was chosen to provide the hospital’s IT-department with enough time for implementing the new 
system as well as for communicating the potential changes and related vision. In the post-adoption stage, 
the 6 months period allowed the medical professionals to thoroughly become acquainted with the new 
EMR. Finally, there was also the request of the hospital management to obtain first results on the EMR 
continuance behavior no longer than 9 month after implementation.  
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Figure 6.  Data collection strategy and timeline 
 
The first survey (t0), conducted in June 2010, was used to inquire the expectations that healthcare 
professionals have with regard to the adoption of the new EMR. In order to minimize the bias stated by 
McLeod and Guynes Clark (2009) that occurs because of asking wrong “users” (i.e. healthcare 
professionals that actually do not interact with the system or dispose someone else to do so), we first 
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analyzed the user base with the help of the hospital’s IT-department and consequently only included 
individuals in the study sample who had real experiences with the prior system and who attended the 
introductory course to the new EMR (t-1). An email invitation was sent to this selected group of hospital 
internal and external staff, asking for the completion of an online questionnaire consisting of eight blocks 
of questions, including questions related to their expected benefits of the new EMR, computer literacy, 
task-technology-fit, habits, satisfaction level, emotional affects, as well as EMR usage intention and 
behavior (cf. Appendix). The participation in this study was voluntary, however, anonymous 
questionnaires were not allowed. To operationalize the constructs of our research model we used 
measurement items which either had been applied and validated in prior research (e.g. Bhattacherjee 
2001; Bhattacherjee et al. 2008; Fitterer et al. 2011; Gans et al. 2005) or which wording was modified in 
order to fit the context of this study (e.g. Dishaw and Strong 1999; Goodhue and Thompson 1995; Shaw 
and Manwani 2011). A 5-point Likert scale anchored with 1= Strongly Agree and 5 = Strongly Disagree 
was used for ordinal items. The draft version of the questionnaire was checked beforehand by leading 
nursing and medical staff, with a view to removing any inconsistencies and generally improving the 
structure. Since evidence exists, that social norms have a strong impact on health workers (Walston and 
Chadwick 2003), we additionally conducted parallel interviews with “opinion leaders” in order to detect 
distortions like group behavior or discipline related attitudes and perceptions.  
In May 2011 a second survey (t2) was conducted, questioning the participants of the first survey about 
their post-adoption cognitive beliefs and affects. For this, a slightly adapted version of the initial 
questionnaire was designed and likewise given restricted online access to it. After a quick analysis of the 
received data, additional interviews with participants were conducted who reported considerable 
differences between the expected and the actual continuance behavior (outliners). In doing so, more 
detailed data was obtained that helped to get “an insider-view” on the motivations behind the drastic 
changes in the continuance behavior.  
To analyze the quantitative data (t3) we used partial least squares (PLS), which is a multivariate technique 
that facilitates testing of psychometric properties of the scales used to measuring a variable as well as 
estimating the parameters of a structural model (Esposito Vinzi et al. 2010; Wold 1982). PLS is 
particularly applicable in research fields where theory is not well developed. A major advantage of using 
PLS as compared to other statistical techniques is the fact that it does not depend on having multivariate 
normally distributed data and can be used with relatively small sample size (Ringle et al. 2012). Another 
reason for choosing PLS is the possibility for specifying formative constructs (Petter et al. 2007), although 
this was not applied in this study. The software package SmartPLS 2.0 was applied for modeling construct 
dependencies and estimating quality criteria and effect sizes. The supplemental qualitative data from the 
interviews was coded and analyzed for frequent emerging themes and analyzed for common situated 
social and distributive factors.  
Sample 
In order to determine the basic population of this survey we inspected the old EMR system’s log files. This 
resulted in a list of a total of 746 registered users, respectively potential respondents. However, only 200 
on this list complied with the requirement to previously having attended the introductory course of the 
new EMR. From the 200 individuals invited to participate in the initial expectation survey, we received 
108 valid and usable responses, yielding a primary response rate of 54%. Respondents of valid 
questionnaires were asked again to participate in the post-adoption survey. We obtained another 66 valid 
responses from this last survey, yielding a secondary response rate of 61.1% or a total response rate of 
33%. Out of the total sample 43.9% declared themselves as clinicians (i.e. medical specialists at the 
hospital), 37.9% as nurses, and 18.2% as physicians (i.e. medical specialists with private practice). 57.6% 
were male. The age of the respondents ranged from 18 to 65 and thus represented the full range of career 
levels (from beginners to very experienced professionals). At the time of the survey, 23.1% were between 
18 and 29 (Generation Y), 20% between 30 and 44 (Generation X), 33.8% between 45 and 54 (late Baby 
Boomers), and 13.1% between 55 and 65 (early Baby Boomers). Less than 5% of the received 
questionnaires were outliners. As illustrated in Figure 7, the sample also reproduces the views of a wide 
range of different medical disciplines. All of the respondents had at least a degree of proficiency and 
experience in one of the stated medical disciplines.  
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Figure 7.  Respondents per discipline (N=66) 
 
Results 
Applying PLS means to specify two distinct models, a structural model describing the relationships or 
paths among structural dimensions, and a measurement model which links the constructs with a set of 
operational measures. Following this two-step analytical procedure, the measurement model was first 
examined and then the structural model was tested. 
The Measurement Model 
To test reliability and validity of the operationalized model, several criteria were used (cf. Table 1). The 
coefficient Cronbach’s Alpha (α) was applied to determine the reliability of the operationalized constructs. 
Following Cortina (1993) the values for α should be greater or equal to 0.8 for a good scale, 0.7 for an 
acceptable scale, and 0.6 for a scale which is used for exploratory purposes. All constructs complied with 
this quality measure. It is interesting to note that the constructs related to habitual and emotional 
responses, such as automatic behavior (AB), computer literacy (CL), and emotions (EM), had a slightly 
superior reliability as the rest of the constructs. Only facilitating conditions (FC) with a value of 0.56 did 
not prove to be reliable and therefore has to be considered with cautious. As α is biased against short 
scales of two or three items, which typically leads to an underestimation of reliability, composite reliability 
was used as additional quality criterion. According to Chin (1998), values should be greater than 0.6 in 
case of exploratory purposes and greater than 0.7 for an adequate confirmatory model. All the measured 
constructs did comply with this criterion though.  
To determine the convergent validity of the operationalized model, a further estimation of the average 
variance extracted (AVE) was performed. AVE captures the amount of explained variance relative to the 
total amount of variance and is considered sufficient if it has a value equal to 0.5 or more (Fornell and 
Larcker 1981). At the lower end of acceptable limits, AVE values of o.52 for continuance intention (CI), 
0.57 for task fit (TF), and 0.58 for satisfaction (ST) were measured. Highest convergent validity was 
measured for the construct automatic behavior (AB) with a value of 0.90 and computer literacy (CL) with 
a value of 0.85. 
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Table 1. Reliability and validity 
Constructs Mean SD α Composite 
reliability 
AVE 
AB 2.32 1.18 0.89 0.95 0.90 
CB 2.01 1.54 0.63 0.84 0.73 
CD 2.43 0.92 0.69 0.86 0.76 
CI 2.53 1.23 0.69 0.72 0.52 
CL 2.53 1.51 0.82 0.92 0.85 
EM 2.01 1.01 0.82 0.87 0.64 
EB 2.95 1.20 0.70 0.84 0.65 
FC 2.43 1.01 0.56 0.73 0.60 
ST 2.34 1.33 0.64 0.73 0.58 
TF 2.54 1.23 0.74 0.84 0.57 
 
The correlations between the latent variables are illustrated below in Table 2. 
 
Table 2. Inter-construct correlations 
 AB CB CD CI CL EM EB FC ST TF 
AB 1.00          
CB 0.46 1.00          
CD 0.32 0.40 1.00        
CI 0.30 0.44 0.34 1.oo       
CL 0.29 0.31 0.31 0.51 1.00      
EM 0.19 0.22 0.31 0.15 0.34 1.00     
EB 0.32 0.35 0.36 0.25 0.31 0.24 1.00    
FC 0.36 0.34 0.52 0.29 0.28 0.32 0.51 1.00   
ST 0.39 0.43 0.35 0.38 0.29 0.25 0.38 0.39 1.00  
TF 0.31 0.22 0.46 0.47 0.23 0.17 0.21 0.19 0.33 1.00 
 
Individual item reliability was assessed by examining the loadings of each item on its construct. Following 
Hulland (1999), high loadings imply that there is more shared variance between the construct and its 
measures than error variance. Contrary, low loadings mean that the item only provides little additional 
value to the explanatory power of the measurement model. According to Hulland (1999), loadings greater 
than 0.7 are seen as acceptable. However, items with loading values greater than 0.5 may also be valid in 
case the item makes a considerable contribution to better reflect the construct. In this sense, all items are 
acceptable and are given full consideration (bold values in Table 3). However, some items were found, 
which loaded higher to another latent construct, such as EB1 and EB4 which loaded higher to EM instead 
of EB. According to Geffen and Straub (2005) this is problematic, since the correlation of the latent 
variable scores with the measurement items needs to show an appropriate pattern of loadings; as a rule of 
thumb they propose that measurement item loading on their assigned latent construct should be 0.10 
higher than the loadings on any other latent construct. Still we decided not to delete these items since we 
believe they provide additional value for theory development. 
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Table 3. Loading and cross-loading of measures 
 AB CB CD CI EB EM FC CL ST TF 
AB1 0.95 0.78 0.54 0.40 0.32 0.31 0.39 0.33 0.64 0.42 
AB2 0.94 0.64 0.43 0.28 0.32 0.28 0.45 0.26 0.62 0.42 
CB1 0.47 0.80 0.42 0.40 0.22 0.16 0.27 0.26 0.56 0.22 
CB2 0.78 0.90 0.53 0.52 0.48 0.34 0.37 0.31 0.61 0.38 
CD1 0.37 0.44 0.67 0.52 0.33 0.15 0.50 0.47 0.27 0.30 
CD2 0.35 0.35 0.68 0.21 0.35 0.08 0.12 0.38 0.18 0.16 
CD3 -0.02 0.06 0.65 0.26 0.06 -0.01 0.25 0.13 0.02 0.03 
CD4 0.44 0.46 0.85 0.15 0.47 0.42 0.65 0.39 0.57 0.26 
CI1 0.33 0.43 0.31 0.85 0.19 0.08 0.25 0.26 0.24 0.55 
CI2 0.31 0.52 0.32 0.89 0.38 0.12 0.30 0.32 0.22 0.69 
EB1 0.26 0.38 0.54 0.38 0.64 0.20 0.44 0.76 0.08 0.14 
EB2 0.19 0.28 0.30 0.20 0.87 0.78 0.47 0.28 0.57 0.19 
EB3 0.35 0.40 0.39 0.25 0.88 0.84 0.61 0.38 0.68 0.26 
EB4 0.21 0.23 0.30 0.10 0.78 0.84 0.50 0.32 0.63 0.19 
EM1 0.41 0.17 0.11 0.04 0.37 0.59 0.21 0.14 0.36 0.30 
EM2 0.18 0.25 0.27 0.04 0.70 0.93 0.48 0.27 0.60 0.06 
EM3 0.25 0.32 0.40 0.19 0.75 0.92 0.52 0.40 0.57 0.19 
EM4 0.04 0.14 0.30 0.25 0.31 0.75 0.46 0.53 0.10 0.00 
FC1 0.45 0.38 0.64 0.30 0.65 0.53 0.98 0.60 0.57 0.35 
FC2 0.30 0.31 0.54 0.28 0.58 0.28 0.87 0.42 0.13 0.16 
CL1 0.29 0.32 0.46 0.34 0.56 0.36 0.68 0.92 0.27 0.24 
CL2 0.21 0.19 0.27 0.13 0.56 0.55 0.39 0.77 0.62 0.23 
ST1 0.74 0.66 0.54 0.30 0.41 0.45 0.54 0.15 0.89 0.46 
ST2 0.20 0.30 0.37 0.53 0.36 0.24 0.39 0.12 0.76 0.61 
TF1 0.41 0.40 0.34 0.68 0.31 0.13 0.30 0.29 0.27 0.83 
TF2 0.35 0.34 0.24 0.64 0.21 0.18 0.16 0.23 0.27 0.88 
TF3 0.33 0.04 0.06 0.31 -0.09 0.09 0.23 -0.02 0.20 0.66 
TF4 0.25 0.18 0.54 0.40 0.32 0.31 0.39 0.33 0.64 0.95 
 
The Structural Model 
The results of estimating the structural model using SmartPLS path weighting scheme is illustrated in 
Figure 8, where * and ** indicate significance at 0.05 and 0.01 levels, respectively. As suggested by Bollen 
and Stine (1992), we tested the significance of the interrelations between the manifest and latent variables 
applying the bootstrap procedure with 500 resamples. The t-scores obtained for the indicators ranged 
from 0.44 to 4.84, indicating that not all paths were significant (also see Table 4).  
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Confirmation/ 
Disconfirmation 
Expected  
benefits 
EMR continuance  
behavior 
Satisfaction 
Positive/Negative 
emotions 
EMR continuance 
intention  
Automatic 
behavior 
Computer 
literacy 
Task fit 
Facilitating  
conditions  
0.33** 0.29* 
0.07n.s. 0.44** 
0.53** 0.33** 
0.54** 
0.27* 
0.36* 0.31* 
R2= 0.30 R2= 0.71 
R2= 0.52 R2= 0.29 R2= 0.38 
** p < .01 
  * p < .05 
 
 
Figure 8.  Results of structural model estimation (one-tailed test) 
 
The analysis showed that automatic behavior had a considerable and highly significant effect on the EMR 
continuance behavior (path-coefficient=0.44 and t-score=4.27). A total of 30 percent of the variance of 
this construct was explained by the used measures (R2=0.30). Different results were found for the 
antecedents of automatic behavior. Whereas task fit (path-coefficient=0.33 and t-score=3.58) and 
facilitating conditions (path-coefficient=0.29 and t-score=2.32) seem to be meaningful pre-conditions for 
developing habitual responses, no significant effect was measured for computer literacy (path-
coefficient=0.07 and t-score=0.44). 
A strong and highly significant effect was found between expected benefits and 
confirmation/disconfirmation (path-coefficient=0.53 and t-score=4.04). The used measures explained 38 
percent of the variance of the construct (R2=0.38). A meaningful significant effect was also found between 
confirmation/disconfirmation and satisfaction (path-coefficient=0.33 and t-score=4.19) and between 
satisfaction and EMR continuance intention (path-coefficient=0.27 and t-score=2.69). The antecedents 
accounted for 29 percent of the variance (R2=0.29). The obtained results are therefore in line with 
“traditional” post-acceptance studies. 
The effects of positive/negative emotions also proved to have a strong and highly significant effect on a 
EMR user’s level of satisfaction (path-coefficient=0.54 and t-score=4.84). Together with 
confirmation/disconfirmation, emotional affects could explain 52 percent of the variance of satisfaction 
(R2=0.52).  
A significant direct effect between satisfaction and EMR continuance behavior could also be demonstrated 
(path-coefficient=0.36 and t-score=3.45). Most notably, the antecedents explained 71 percent of the 
variance of EMR continuance behavior (R2=0.71).  
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 Table 4. Results of PLS path analysis  
Hypothesis Path description Path- coefficient 
and significance 
t-score Result 
H1 
Expected benefits → confirmation/ 
disconfirmation 
0.53** 4.04 Supported 
H2 Confirmation/disconfirmation → satisfaction 0.33** 4.19 Supported 
H3 Satisfaction → continuance intention 0.27* 2.69 Supported 
H4 Continuance intention → continuance behavior 0.31* 4.02 Supported 
H5 Positive/negative emotions → satisfaction 0.54** 4.84 Supported 
H6 Satisfaction → continuance behavior 0.36* 3.45 Supported 
H7 Computer literacy → automatic behavior 0.07n.s. 0.44 Not supported 
H8 Task fit → automatic behavior 0.33** 3.58 Supported 
H9 Facilitating conditions → automatic behavior 0.29* 2.32 Supported 
H10 Automatic behavior → continuance behavior 0.44** 4.27 Supported 
 
Discussion and Conclusion 
The objective of this study was to develop and empirically validate a theoretical model conceptualizing the 
key determinants affecting a EMR user’s continuance behavior. Unlike “traditional” post-acceptance 
studies, which underlying premise exclusively is based on conscious and reasoned behavior, we also 
integrated habitual (i.e. automatic behavior) and emotional (i.e. unintentional or unconscious behavior) 
responses to explain the phenomenon of interest. Using a longitudinal study design and data collected 
from 66 “real” EMR users, the proposed model was tested. The model exhibited an adequate fit with the 
surveyed data supporting the contention that emotions and habits strongly affect EMR continuance 
behavior. However, we also found that one of the constructs, notably literacy/self-efficacy, did not provide 
additional explanatory power to the model. The overall results contain a number of interesting research 
findings to be discussed in the following sub-sections. 
Implications for Theory and Research 
Our findings presented strong support to the existing theoretical links of “traditional” research models 
studying IS continuance. In fact, all relations (H1-H4) explaining continuance behavior as a result of 
reasoned actions showed significant effects and thus reinforced the established perception for 
conceptualizing post-acceptance (e.g. Bhattacherjee 2001).  
While most of the healthcare professionals consciously understand the necessity and utility of an EMR, its 
usage is often connected to habits and regulations (e.g. for statistical or administrative purposes) and thus 
may cause strong emotional responses. The study showed that emotions, such as anger (e.g. because of 
bad systems performance), fear (e.g. panic to making mistakes and entering wrong data), or pleasure (e.g. 
because of user-friendly design), had an extraordinary lasting effect on a user’s satisfaction (H5), which in 
turn directly affects EMR continuance behavior (H6). However, the impact of emotions on the 
continuance behavior of voluntary systems’ users might be different and has to be explored in future.   
Evidence was provided that automatic behavior positively affected EMR continuance behavior (H10). We 
also confirmed the argument of Ortiz de Guinea and Markus (2009), who postulated a stronger 
consideration of habitual responses in IS continuance research. The effects of habits on IS continuance is 
also in line with previous findings on post-acceptance (e.g. Liao et al. 2006; Limayem and Cheung 2008). 
However, as opposed to these studies, we also conceptualized the environmental cues enabling the faster 
development of automatic behavior. The study showed that a good task-fit and sufficient facilitating 
conditions helped EMR users to develop habits (H8-H9) and thus ultimately positively affected 
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continuance behavior. No significant effect emanated from a user’s literacy or self-efficacy (H7). This is 
contrary to the qualitative results of Shaw and Manwani (2011), who reported a strong relation between 
self-efficacy and usage. Reasons for that may be found in operationalization of used measures or in the 
environment of the specific context of this investigation. Further research is needed to really demonstrate 
a causal linkage.  
Implications for Healthcare Practice 
From a practical perspective, several important recommendations for health information managers, and 
software vendors can be deduced from this research.  
The study results underscored the importance of both reasoned actions, and subliminal effects like habits 
and emotions. In order to increase the continuance intention and lastly continuance behavior of EMR 
users, health information managers and software developers must therefore not only emphasize the 
optimization of “hard factors” (e.g. measurable benefits from the EMR implementation such as cost 
reduction, efficiency increase, or better medical outcome), but also have a much stronger focus on 
considerably enhancing underlying “soft factors” (e.g. transition of useful evolved work routines, 
influencing negative or positive feelings and attitudes towards system usage).  
To support the “reasoned rationale”, health information managers may implement a formal process to 
continuously capture, document, and manage the healthcare professionals’ performance expectations, as 
confirmed expectancies proved to have a strong impact on satisfaction and finally on continuance 
behavior. For instance, this could be realized by organizational benchmarks or self-assessments 
illustrating the level of achievement (i.e. discrepancy between expected benefits and actual performance 
perception). 
Reinforcing positive and weakening negative emotions may be a good strategy for nourishing the 
“unreasoned rationale”. Positive feelings could be attained by introducing an incentive or reward system, 
increase co-determination or by directly improving the EMR system’s design. The latter could also help to 
diminish negative feelings, for instance, by providing extended capabilities for customization, or 
amending the graphical user interface and navigation structures. Indirectly, group or role-specific user 
manuals, extended trainings, etc. may prevent negative feelings as well. The denoted measures may also 
aid users to easier develop automatic behavior, which proved to have a substantial impact on the EMR 
continuance behavior.  
Limitations and Future Work 
As with any empirical field study, this work has limitations. The primary limitation is the reliance on a 
single informant. It is possible that users of other hospitals with a congruent EMR instantiation would 
have provided different responses regarding the continuance intention and behavior. Future research in 
post-acceptance of EMR should incorporate responses from multiple hospitals to truly assess the nature 
of continued usage of such systems. 
Second, as we already stated, the healthcare industry imposes some obligations to systems usage. 
Generalizing these results to other industries and types of IS should therefore be handled carefully. 
Hence, future applications and adaptations of the post-acceptance model of IS continuance may include 
the voluntariness of system usage as further construct to be assessed. 
Third, it is important to note that generally the measurement of expectation is problematic (either direct 
measurement or calculating of difference scores) as it comprehends several factors for bias (Venkatesh 
and Goyal 2010). To reduce bias, particular emphasis should be placed to distinguish between expectation 
and experience component measures in order not to combining them into a single score.  
Finally, with the provided findings we hope to encourage other researchers not only to substantiate their 
work on the broadly proliferated assumption that users behave rationally and are conscious of all their 
actions, but also to start thinking of effects which habitual and emotional responses could have on a user’s 
long term adoption behavior. This is particularly dependent on the context. Hence, future research related 
to routinization of IT use may also put more effort in explaining the contextual uniqueness and 
boundaries of their studies. 
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Appendix – Measurement Items  
Expected benefits (1= Strongly Agree; 5 = Strongly Disagree) 
EB1. Using the new EMR will increase information quality (e.g. consistency, completeness, traceability). 
EB2. Using the new EMR will lead to better medical outcome (e.g. patient safety, adequacy of treatment). 
EB3. Using the new EMR will make me more efficient (e.g. in daily activities, learning).  
EB4. Using the new EMR will improve governance and trust (e.g. privacy, security, conformity). 
Confirmation/disconfirmation (1= Strongly Agree; 5 = Strongly Disagree) 
CD1. The new EMR improved information quality much more than I initially had expected. 
CD2. The new EMR improved medical outcome much more than I initially had expected.  
CD3. The new EMR improved efficiency much more than I initially had expected. 
CD4. The new EMR improved governance and trust much more than I initially had expected. 
Positive/negative emotions (1= Strongly Agree; 5 = Strongly Disagree) 
EM1. Using the new EMR is annoying. 
EM2. Using the new EMR causes me fear (e.g. anxiety of making mistakes, not being able to use it). 
EM3. Using the new EMR causes makes me happy (e.g. playfulness to learn new things). 
EM4. I enjoy using the new EMR.    
Satisfaction (1= Strongly Agree; 5 = Strongly Disagree) 
ST1. My emotions with using the EMR are predominantly positive.  
ST2. Overall, I feel satisfied with the new EMR. 
Computer literacy (1= Strongly Agree; 5 = Strongly Disagree) 
LS1. My computer skills are excellent and sufficient to handle the new EMR. 
LS2. I am confident and able to perform my job using the new EMR. 
Task fit (1= Strongly Agree; 5 = Strongly Disagree) 
TF1. The EMR helps me to perform all my diagnostic activities (e.g. diagnostic tests, anamnesis). 
TF2. The EMR helps me to perform all my treatment activities (e.g. prescription, medication).  
TF3. The EMR helps me to perform all my nursing or care activities (e.g. nutrition, patient observation). 
TF4. The EMR helps me to perform my administrative activities (e.g. patient referral, billing).  
Facilitating conditions (1= Strongly Agree; 5 = Strongly Disagree) 
FC1. Is the hospital’s infrastructure suitable for the new EMR (e.g. computer screens, input devices).  
FC2. Is the hospital’s IT-support capable of helping me with the new EMR (e.g. response to tickets). 
Automatic behavior (1= Strongly Agree; 5 = Strongly Disagree) 
AB1. Using the new EMR has become automatic to me. 
AB2. Using the new EMR is natural to me.  
Continuance intention (1= Strongly Agree; 5 = Strongly Disagree) 
CI1. I willingly intend to continue using the new EMR to perform my assigned job responsibilities. 
CI2. I am eager to extend my usage of the new EMR for more of my assigned job responsibilities. 
Continuance behavior (<20% | 21-40% | 41-60% | 61-80% | >81%) 
CB1. Percentage of cases I’ve documented with the new EMR. 
CB2. Percentage of working time I’m actually using the new EMR. 
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